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ABSTRACT
THE RELATIONSHIP BETWEEN MOTOR VEHICLE ACCIDENTS, TRAFFIC VOLUME,
AND WINTER WEATHER IN NORTHEAST ILLINOIS
Kai Funahashi, M.S.
Department of Geographic and Atmospheric Sciences
Northern Illinois University, 2018
Dr. Walker S. Ashley, Director

Motor vehicle accident research has focused primarily on macroscale assessments of
traffic accident occurrence and the unsafe behaviors affiliated with drivers. Additionally, while
the relationship between weather and traffic volume and the relationship between weather and
traffic accidents have been analyzed separately, the connection of weather and traffic volume on
traffic accidents has not been quantitatively appraised. This research uses the northeast Illinois
region—an area with a diverse roadway system within rural agricultural expanses, vast suburban
development, and the densely populated Chicago and Rockford urban cores—to determine the
relationship of fatal and nonfatal traffic accident occurrence as a function of both hourly traffic
volume and hourly snowfall rates. Specifically, is there a higher occurrence for traffic accidents
during weak snow events than during heavy snow events? If so, is this a manifestation of the
weather itself, of different traffic volumes during different snow intensities, or both? Accounting
for traffic volume and weather can be difficult without normalizing for the number of snow
events that occur. Results reveal a positive relationship between accident frequency and snowfall
rates for damage-only and injury-only accidents, but the relationship fluctuates for fatal accidents
and seems to diverge from a linear relationship. Additionally, there is a statistically significant

difference in the daily total number of accidents between days with many weather-related
accidents and few weather-related accidents. However, contrary to prior research, even though
the relationship between snowfall rates and accidents was evident for the hourly frequency of
damage-only and injury-only accidents per event, no relationship was discernible for the hourly
frequency of fatal accidents per event. Part of the reasoning behind the discrepancy in the results
of this research and that of prior efforts lies in the unique nature of the methods employed as this
work attempts to subjectively account for the number of snow events. The methodology
introduced could be used for other spatiotemporal domains and improved upon for future studies
relating traffic accident frequencies per event.
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CHAPTER ONE
INTRODUCTION

Most motor vehicle traffic accidents occur during clear days with dry road conditions, but
between one fifth and one fourth of all traffic accidents are related to adverse weather (Goodwin
2002; Goodwin 2003; Pisano and Goodwin 2002; Eisenberg 2004; Pisano et al. 2008; Tefft
2016). With nearly 6 million accidents occurring per year in the United States, this makes over 1
million accidents weather-related (FHWA 2017a). Additionally, fatalities from weather-related
traffic accidents make up one fifth of all traffic accident fatalities (Ashley et al. 2015; FHWA
2017a). Research on weather-related traffic accidents have focused mostly on precipitation
events (Andrey and Mills 2003; Andrey et al. 2003a; FHWA 2017a), although there is research
that has examined the role of visibility reduction on traffic fatalities (Abdel-Aty et al. 2010;
Ashley et al. 2015).
For winter weather, the effect of snow intensity on traffic accidents has been analyzed
(Hanbali and Kuemmel 1993; Eisenberg and Warner 2005; Qin et al. 2006; Black and Mote
2015), and the effects of adverse weather conditions on traffic volume have been explored
(Chung et al. 2006; Cools et al. 2010; Xu et al. 2013). These include studies focusing on the
effect of snow, in particular, on traffic volume (Cools et al. 2010; Call 2011; Weng et al. 2013).
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In general, this prior research does not quantitatively analyze traffic accidents as a
function of both weather intensity and traffic volume. Therefore, it is unclear whether the
increase in traffic accident occurrence during adverse weather is because of the weather itself, a
change in traffic volume due to the weather, or both. This problem is illustrated by comparing
traffic accidents during heavier snow events with traffic accidents during lighter snow events.
Traffic accidents tend to occur more frequently during lighter snow events than they do during
heavier snow events (Andreescu and Frost 1998; Andrey and Mills 2003; Eisenberg 2004; Qin et
al. 2006).
Furthermore, few studies have explored normalizing traffic accident rates by the number
of snow events. For example, the heavy winter storms occur less frequently than weaker snow
events (Eisenberg and Warner 2005). How, then, would the tally of accidents for each snow
event differ between weaker snow events and heavier snow events? Not taking the number of
snow events into account can result in skewed statistics where a disproportionately large number
of accidents have occurred for weaker snow events (Fig. 1).
These two problems of controlling for snow event counts and controlling for traffic
volume compel the question: How can the number of snow events and the traffic volume during
snow events be considered when assessing traffic accident frequencies? The ability to diagnose
whether traffic volume, adverse weather, or both, affect traffic accident rates is crucial to
advancing effective traffic safety measures in the future, but this is difficult to do without
accounting for the number of events that occur.
The purpose of this research is to understand traffic accident rates across the diverse
northeast Illinois region with respect to both adverse weather conditions and changes in traffic
volume due to the adverse weather. Spatially interpolating snowfall rates over the study region
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can facilitate an estimate of when snow events begin and end. The overarching hypothesis is that,
when controlling for traffic volume, weak snow events can cause more dangerous accidents than
can larger magnitude snow events, meaning that weaker snow events will tend to observe higher
frequencies of accidents that involve injuries or fatalities. The methods and findings of this
research could be employed in the future to understand the relationship between traffic accidents,
traffic volume, and weather conditions at a high resolution for other regions.

Fig. 1. A screenshot of a bar chart illustrating statistics for snow-related traffic accidents by the
Wisconsin Department of Transportation and National Weather Service (NWS) Milwaukee
forecast office that was released by The Weather Channel.

Chapter 2 outlines a literature synthesis of previous weather-related traffic accident
research efforts. This section elaborates the progression of traffic safety research, addressing
common research methods used previously. Chapter 3 describes the data and methods for this
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research, contrasting some of the common methods employed in previous literature, and chapter
4 addresses the results and broad implications thereof. Finally, chapter 5 further discusses the
results of this research effort and provides a conclusion.

CHAPTER TWO
BACKGROUND

Weather is a major determinant of the traffic conditions of an area. Weather events, from
long-term flooding to short-term, squall-line thunderstorms, can be threats to the drivers and
passengers on the roadway and its environment (Pisano and Goodwin 2002; El Faouzi et al.
2010; FHWA 2017a). The decrease in traffic capacity for a segment of road due to precipitation
can cause congestion (Edwards 1999; Chung et al. 2006; Weng et al. 2013) especially when
drivers tend to refrain from postponing or canceling their commutes during more common,
milder weather events, such as a passing rain shower (Pisano and Goodwin 2002). The onset of
disruptive weather coupled with decreased traffic capacity can also explain the increase in the
risk for weather-related traffic accidents (Pisano and Goodwin 2002; Tefft 2016). Modes of
weather-related traffic accidents include associations with rain, snow, heavy winds, limited
visibility, and driver behavior and adjustments. Driver perception of the weather hazard, as well
as how they receive weather information, affects how many vehicles will be on the roadway,
thereby also influencing the risk for weather-related traffic accidents (Barjenbruch et al. 2016).
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General Weather–Traffic Relationships

Traffic accidents are a constant concern for drivers, with the National Highway
Transportation Safety Administration (NHTSA) logging 35,902 vehicle fatalities in the United
States in 2015 (FARS 2017). In 2005, damages from traffic accidents nationally, including
productivity losses and medical fees, were upwards of hundreds of billions of dollars (Naumann
et al. 2010). Research analyzing the weather’s relation to urban traffic accidents revealed that
most traffic accidents occur during clear weather and dry road conditions (Goodwin 2002;
Goodwin 2003; Tefft 2016). Accidents involving adverse weather conditions are related more to
the wet or slippery pavement due to the weather than they are to accidents during falling
precipitation (Mohammadi et al. 2002; Goodwin 2002; Andrey and Mills 2003; Goodwin 2003).
The Midwest observed the highest rate of snow-related traffic accidents out of all the regions for
the accident records between 2010 and 2014 (Tefft 2016).
Hazardous road conditions because of the weather can appear in many forms, including
limited visibility and severe cross winds. Over a ten-year span from 2005 to 2014 in the United
States, an average of over 1,000,000 accidents were reported per year, causing over 400,000
injuries and over 5,000 fatalities per year (Table 1) (FHWA 2017a). Grouping by road condition
or weather condition, over 75 percent of all weather-related accidents, injuries, and fatalities
were related to wet pavement, about half of all weather-related accidents, injuries, and fatalities
were related to rain, and about 17 percent of weather-related traffic accidents and 13 percent of
weather-related traffic injuries and fatalities were related to snow or sleet (FHWA 2017a). Icy
pavement and snowy or slushy pavement conditions accounted for nearly 10 percent of weather-
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related traffic accidents, injuries, and fatalities, and fog accounted for the smallest percentages of
weather-related traffic accidents (FHWA 2017a) (Table 2).

Table 1. Mean annual weather-related traffic accident statistics for the United States based on
the 2005–2014 period (after FHWA 2017a). Weather-related traffic accidents are accidents for
which weather conditions such as rain, snow, sleet, hail, fog, smoke, haze, and/or severe
crosswinds were present during the traffic accident.
Weather-Related Traffic Accident Statistics
Annual Mean
Percentage
1.258,978 accidents
22% of all traffic accidents
445,303 injuries
19% of all traffic injuries
5,897 fatalities
16% of all traffic fatalities

Spatial autocorrelation between traffic accidents and adverse weather was confirmed,
revealing that spatial patterns exist for seemingly random events like traffic accidents (Khan et
al. 2008). Fatal traffic accidents are rarer than injury-only or damage-only accidents, but overall
traffic accidents occur more frequently in populated areas (Aguero-Valverde and Jovanis 2006).
However, less discernible are the temporal cycles of traffic accidents, partly because the
characteristics of such cycles also depend on geography. For example, the British Isles observed
a maximum in traffic accidents during October and November and a minimum in February
(Edwards 1999), while Montreal, Canada observed a maximum in accident occurrence during the
winter season (Andreescu and Frost 1998). Long-term temporal trends reveal vehicle accidents
and fatalities in the United States have generally decreased over the past forty years
(Mohammadi et al. 2002; Bandi et al. 2015; Black and Mote 2015).
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Rain and Wet Pavement

Rain is a major determinant of weather-related traffic accident risk. A strong relationship
is evident between daily rainfall amount and number of traffic accidents (Eisenberg 2004). Not
only can rain increase the frequency of traffic accidents, it also leads to wet pavement, another
strong risk factor of traffic accidents (Goodwin 2002; Goodwin 2003; Musk 2003b; Pisano et al.
2008; FHWA 2017a). Wet pavement decreases the friction between the vehicle and the road,
increasing the risk for slipping and skidding (Edwards 1999; Pisano and Goodwin 2002; FHWA
2017a).
For every non-weather traffic accident, there is a statistically higher number of weatherrelated traffic accidents, revealing the tendency for adverse weather to exacerbate traffic accident
risks (Andrey and Mills 2003; Andrey et al. 2003a). Research revealed higher frequencies for
rain-related traffic accidents as well as statistically higher relative risk for rain-related traffic
accidents compared to dry-weather accidents; matched-pair analyses revealed a significant
increase of up to three times greater risk for traffic accidents during adverse weather compared to
clear weather (Andrey and Olley 1990; Andrey and Mills 2003; Andrey et al. 2003a).
Rainfall-related traffic accidents occur consistently throughout the year, even though
precipitation amounts vary between seasons (Edwards 1999). A ten-year average of all traffic
accidents in the U.S. reveals about half of all weather-related traffic accidents occur during
rainfall (Musk 2003b; FHWA 2017a) (Table 2). On the other hand, accidents due to wet
pavement account for up to 80 percent of all weather-related traffic injuries (Andreescu and Frost
1998; FHWA 2017a). Furthermore, regression models reveal that higher rainfall totals increase
the traffic accident occurrence (Andreescu and Frost 1998; Eisenberg 2004).
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Table 2. Annually averaged weather-related traffic accident statistics for the United States based
on 2005–2014 period (after FHWA 2017a).
Road/Weather
Weather-Related Traffic Accident Statistics
Condition
Annual Mean
Percentage
907,831 accidents 16% of all accidents 73% of weather-related accidents
Wet Pavement
352,221 injuries
15% of all injuries
80% of weather-related injuries
4,488 fatalities
13% of all fatalities
77% of weather-related fatalities
573,784 accidents 10% of all accidents 46% of weather-related accidents
Rain
228,196 injuries
10% of all injuries
52% of weather-related injuries
2,732 fatalities
8% of all fatalities
47% of weather-related fatalities
210,341 accidents
4% of all accidents
17% of weather-related accidents
Snow/Sleet
55,942 injuries
3% of all injuries
13% of weather-related injuries
739 fatalities
2% of all fatalities
13% of weather-related fatalities
151,944 accidents
3% of all accidents
13% of weather-related accidents
Icy Pavement
38,770 injuries
2% of all injuries
9% of weather-related injuries
559 fatalities
2% of all fatalities
10% of weather-related fatalities
174,446 accidents
4% of all accidents
14% of weather-related accidents
Snow/Slushy
41,597 injuries
2% of all injuries
10% of weather-related injuries
Pavement
538 fatalities
2% of all fatalities
10% of weather-related fatalities
28,533 accidents
1% of all accidents
3% of weather-related accidents
Fog
10,448 injuries
1% of all injuries
3% of weather-related injuries
495 fatalities
2% of all fatalities
9% of weather-related fatalities

Rainfall also reduces the traffic capacity in urban areas, with traffic speed and flow
exhibiting a 10 percent decrease from clear-weather traffic capacity (Chung et al. 2006; Xu et al.
2013) although traffic volume also decreases with rainfall (Cools et al. 2010). Even so, drivers
tend to still drive above posted speed limits, and drivers tended to reduce driving speeds and
increase following distances only when rain was falling (Doherty et al. 1993). They tend not to
adjust speeds or following distances as intently after rain ceased even if the pavement is still wet
(Doherty et al. 1993). Rain-related accidents usually occur only while rain is also falling, but
post-storm residual wet pavement after the rainfall has subsided has also caused traffic accidents
(Andrey and Yagar 1993; Goodwin 2003; Pisano et al. 2008).
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Winter Precipitation and Icy Pavement
In several regions of the conterminous United States (CONUS), winter precipitation is a
common hazard to which drivers are vulnerable in the cool season. Snow and other forms of
frozen and freezing precipitation increases the risk for skidding, thus elevating the risk for traffic
accidents (Pisano and Goodwin 2002; FHWA 2017a). Mountainous regions such as the Rocky
Mountains can experience snow as early as August and September, and the Great Lakes and New
England regions tend to observe their first measurable snowfall in October (Arndt 2016) (Fig. 2).
The Rocky Mountains and the New England regions observe the most snow, with a mean
annual snowfall of over 100 centimeters in many areas of those regions. The Great Lakes and
northern Great Plains also observe on average over 60 cm of snow annually. The Central Plains
and Appalachia observe an average of between 20 to 30 cm per year (NCEI 2017) (Fig. 3).
Falling snow can induce notable changes in urban processes and travel. For example,
impacts from cool-season precipitation events include difficulties in power and communication
connectivity, flight and shipment delays and cancellations, vehicle traffic congestion and
decreased traffic volume, and overall difficulty in commute (Rooney 1967; de Freitas 1975).
Naturally, the heavier the snowfall, the more intense the disruptions are, with high-end winter
weather events prompting school and airport closures, event cancellations, and emergency
measures at the ready; a rough empirical estimate for disruption severity can be calculated given
snowfall rates and wind speeds (de Freitas 1975).
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Fig. 2. Time of the year during which, historically, the chance of observing at least 0.25 cm (0.1
inch) of snowfall is 50 percent or greater (from Arndt 2016).
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Fig. 3. Mean annual snowfall based on 1981–2010 period (from NCEI 2017).

Snow can significantly decrease traffic capacity: Traffic speed on urban highways
(holding traffic volumes constant) falls by about 20 km h–1 during heavy snow days compared to
dry days (Weng et al. 2013). Nationally, light rain or light snow results in a decrease in traffic
volume by approximately 10 percent, and heavy snow decreases traffic volume from 30 to 44
percent (FHWA 2017a). Furthermore, a statistically significant inverse relationship exists
between snowfall and mean number of vehicles on the road (Cools et al. 2010; Call 2011; Weng
et al. 2013). As traffic intensity and traffic speeds change due to winter weather hazards, so do
traffic accident risks. Regression analyses reveal that snow days tend to increase traffic accidents
per day to a greater extent than rain days (Andreescu and Frost 1998).
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Because discretionary travel can be easily postponed or cancelled, traffic accidents due to
winter weather tend to occur less frequently during the weekends than during the weekdays
(Khattak and Knapp 2001; Andrey et al. 2003b). However, matched-pair analysis has shown that
during the weekend, for every non-snow traffic accident or injury, there are more than one
snowy weekend traffic accident or injury (Andrey et al. 2003b). Long-term observations of
traffic fatalities have shown a slight decreasing trend between 1975 and 2011, but this trend is
not evident for cool-season weather-related fatalities, suggesting that improvements in traffic
infrastructure and vehicle engineering have improved driving safety but not specifically for
winter hazards (Black and Mote 2015). Local maxima in winter weather-related fatal collisions
have also been observed during rush-hour times, or weekdays at around 0800 and 1700 local
time (Black and Mote 2015). A similar pattern appears for changes in traffic intensity during
snow; rush hour times experience the smallest changes in traffic volume due to many of the
drivers being under nondiscretionary (i.e., work-related) commutes (Hanbali and Kuemmel
1993). Traffic accidents tend to occur more frequently during the initial hours of a snow event
(Qin et al. 2006). Additionally, a higher number of traffic accidents also occur during the hours
immediately after a snow event as residual snow or ice on pavement continues to cause
hazardous road conditions (Goodwin 2003; Pisano et al. 2008; Medina et al. 2017).
Additionally, the amount of salt applied by road crews can indirectly imply snow
intensity, and a general direct relationship between salt application and traffic accident
occurrence is revealed (Andrey and Mills 2003; Qin et al. 2006). However, a peak in traffic
accident occurrence also exists when no salt is applied; this suggests either that (1) weaker snow
events that do not demand proactive roadway salt application can cause more traffic accidents, or
(2) traffic accident occurrence is higher in the initial stages of the storm before salt had been
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applied (Qin et al. 2006). This pattern with salt, however, is difficult to measure. For example,
the amount of salt that is applied and when the salt is applied depend on the type of roadway
(e.g., interstate, tollway, truck routes, local routes) as well as the administration/jurisdiction of
the roadway (e.g., county, municipality) (Qin et al. 2006).
Patterns for snow-related traffic fatalities are slightly different from patterns for traffic
injuries or damage-only traffic accidents. For example, the first snow days of the season tend to
cause more fatalities than non-first snow days, but non-first snow days cause more injuries and
damage-only traffic accidents (Eisenberg and Warner 2005). On interstate highways, snowfall
intensity exhibits a relationship where the occurrence of an injurious traffic accident is lower
than that of a damage-only accident (Khattak and Knapp 2001). An inverse relationship is
observed between snowfall amount and fatal traffic accident occurrence while a direct
relationship is found for damage-only and non-fatal injury accident occurrence, but this
dichotomy is not evident when the snowfall amounts are hierarchized (Eisenberg 2004).

Freezing precipitation

In the wintertime, freezing rain, sleet, and roadway ice are additional hazards that
increase the risk for traffic accidents. Not only can freezing rain and ice damage power and
communication lines, it can also increase the risk for vehicle collisions as roads become ice
covered (Rooney 1967; de Freitas 1975). Glaze forms when rain falls on road surfaces that are
near or below freezing temperature, typically a range between –3ºC and 0ºC (25ºF and 32ºF)
(Bennett 1959; Cortinas et al. 2004). Glaze can come from various sources; for example, snow
can melt and then refreeze to ice, and fog or haze can occur near freezing temperature and coat
the roadways with a thin sheet of “black” ice (Bennett 1959).
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Freezing rain occurs primarily in the northern half of the CONUS, with maximum mean
number of freezing rain days east of the Cascades, around the Great Lakes, proximal to the
Appalachian Mountains, and in the New England regions (Changnon 2003). While freezing
drizzle and rain tend to occur more frequently than ice pellets or sleet during the mid-winter
months of December and January, ice pellets fall more frequently than freezing drizzle or rain
during the early and late months of the cool season (Cortinas 2000). Only a mean percentage of 4
to 13 percent of all traffic accidents, injuries, and fatalities are related to icy pavement, a much
lower percentage than traffic accidents related to non-freezing rain (Qin et al. 2006; Tefft 2016;
FHWA 2017a).

Limited Visibility

A relationship similar to that between precipitation and traffic volume is also apparent
during limited visibility events. Appearing in a variety of forms, most notably fog, smoke, and
dust, about 90 percent of all visibility-obscured (VO) fatalities are attributed to fog, with the rest
of the VO fatalities attributed to smoke or dust (Ashley et al. 2015). The average number of
visibility-obscured traffic fatalities per year was greater than the average number of stormrelated, cyclone-related, or flood-related traffic fatalities per year (Ashley et al. 2015). Fogrelated traffic accidents tend to occur more frequently in rural areas than on urban roads, possibly
due to increased speeds and decreased alertness on rural roads (Abdel-Aty et al. 2010).
Fog, smoke, and haze are not the only forms of impaired visibility. Wind speeds can
decrease visibility by picking up and blowing snow, and precipitation falling heavily enough can
decrease a driver’s visibility distance, as well (Ring 2003; FHWA 2017a). In addition to fog,
smoke, haze, and blowing snow or dust, visibility can also be impaired when windshields are not
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properly wiped of precipitation, or when windows internally fog (Edwards 1999). These forms of
visibility reductions do not necessarily need falling precipitation to occur.
Limited visibility can appear in the form of precipitation, as well. Generally, for winter
weather, the heavier the snow, the lower the visibility, but this relationship is difficult to
illustrate without understanding the properties of the snow and the temperatures and dewpoints
of the low- to mid-levels of the atmosphere (Rasmussen et al. 1999). Limited visibility tends to
discourage driving, reducing traffic by about 20 percent with respect to clear weather (Musk
2003a). However, this percentage is variable, and some studies reveal slight increases in traffic
in limited visibility depending on the location (Cools et al. 2010). Such reductions in visibility
will tend to decrease the traffic capacity of roads and, therefore, overall driving speeds will
decrease, and traffic delays will occur, especially on urban roadways (FHWA 2017a). Accident
fatalities are higher when the vision obscured events are not warned ahead of time by the
National Weather Service (NWS), suggesting that drivers tend not to be aware of impending
visibility-impairing weather phenomena unless NWS products emphasizing the hazards are
issued (Ashley et al. 2015).

Driver Perceptions

When adverse weather strikes, drivers will usually respond by changing either their
driving behaviors or their driving schedule altogether. Individual perception of winter weather
hazards changes with the certainty of the forecast, but other factors, such as the source for the
weather information, can impact perception as well; for instance, government sources (e.g.,
NWS products) and personal sources (e.g., social media) tend to significantly change driving
behaviors more than traditional media sources (Barjenbruch et al. 2016). The most common form
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of driver adjustment is the decision to drive altogether, as drivers tend to postpone their travel in
adverse winter weather conditions (Barjenbruch et al. 2016); indeed, drivership decreases when
snowy weather is imminent (Hanbali and Kuemmel 1993; Eisenberg 2004; Call 2011; Weng et
al. 2013; Barjenbruch et al. 2016). Additionally, drivers tend to associate falling rain with higher
risks of a traffic incident than they do for only wet pavement (Doherty et al. 1993). Therefore,
drivers tend to adjust their driving behavior more dramatically when precipitation is actively
falling compared to when the precipitation had ended but the pavement was still wet (Doherty et
al. 1993). Finally, the uncertainty of a winter weather event affects the awareness and perception
of the forecasted hazard: Drivers will not have crucial weather information early enough to make
driving or schedule adjustments if the forecast is uncertain (Barjenbruch et al. 2016; Medina et
al. 2017).
The intensity of the weather appears to influence how much adjustments drivers make as
well. Lower snowfall rates are related to higher occurrences of all types of traffic accidents, but
higher snowfall rates are related to lower occurrences (Eisenberg 2004). The number of accidents
for weaker snow events are more variable than for heavier snow events (Andreescu and Frost
1998). Similarly, traffic accident rates during relatively rare freezing rain events are lower than
traffic accidents during non-freezing rain precipitation (Qin et al. 2006). These patterns are
similar to the higher number of traffic fatalities observed during unwarned VO events than those
that occur during warned events (Ashley et al. 2015). This trend may be related to the awareness
and perception that the warned events are more “unusual” and require more caution to avoid
traffic accidents (Barjenbruch et al. 2016).
Prior research suggests that there tends to be a higher risk for traffic accidents when
precipitation is falling. The increase in risk is measured in a variety of methods, including
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matched-pair analyses (Andrey et al. 2003b) and binomial/logistic regression comparing
likelihoods of traffic accidents during dry weather and snowy weather (Khattak and Knapp 2001;
Eisenberg 2004; Zhou et al. 2016). However, these methods only help to describe the probability
of different types of traffic accidents (e.g., damage-only, injury-only, fatal) and do not help to
answer how the number of accidents change with respect to snowfall rates. The motivation of
this study lies in its exploration of a new methodology to analyze the traffic accident frequency
as a function of the intensity of snow for a given snow event.

CHAPTER THREE
DATA AND METHODS

The spatial domain of this research is the Illinois counties under the NWS Chicago
county warning area (CWA). There are twenty-three counties in this CWA, of which eighteen
are in Illinois (Fig. 4). This spatial domain encompasses the greater Chicagoland area, a region
that experiences an average of over 90 cm of snow per cool season (NCEI 2017) and has a
diverse roadway system stretching across urban, suburban, exurban, and rural land use types.

Traffic Accident Data

The research investigates traffic accidents between ten consecutive cool seasons: 2005–
2006 through 2014–2015. Each winter season is delimited between 1 December and 28 February
(or 29 February if leap year). The traffic accident data are provided courtesy of the Illinois
Department of Transportation (IDOT). This dataset provides information on the location of each
traffic accident, the number of vehicles, injuries, and fatalities involved in the accident, lighting
conditions, road surface conditions and any road defects, and several other attributes that
describe the manner of collision and address details of the type of vehicles involved. The
reported weather conditions include clear, rain, snow, fog/smoke/haze, sleet/hail, severe cross
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wind, other, and unknown. Overcast was added as a weather condition in 2013. The reported
road conditions include dry, wet, snow or slush, ice, sand, mud, dirt, other, and unknown. The
type of vehicle is used to distinguish whether a semi-truck or other commercial motor vehicle
(CMV) was involved in an accident, since these vehicle types can be involved in chain-reaction
crashes during winter weather events (USDOT 2011).

Fig. 4. Traffic Count Database System (TCDS) stations and NOHRSC MADIS stations in the
northeast Illinois study domain.
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The data provided by IDOT considers accidents resulting in type C (reported but not
evident) injuries, type B (non-incapacitating but observed) injuries, and type A (incapacitating)
injuries the same category (SR1050 2013). Likewise, accidents that result in fender-benders with
no casualties and accidents that result in totaled cars with no casualties are also considered the
same category of damage-only accidents. This will dilute the variance in the degree of danger of
each accident. In other words, accidents with varying degrees of damage can be categorized into
the same group, resulting in the loss of variance. Similarly, combining the injury types A, B, and
C into a single category is bound to decrease the amount of variance in the accident frequencies
that statistical models can capture.
Other problems with the data include the change in what is considered an “IDOT
Reportable Crash”, when the threshold changed in 2009 (SR1050 2013), as well as the intrinsic
temporal autocorrelations that is associated with a long-term time series. The number of
accidents would naturally increase each year as the number of vehicles on the road increases
(FHWA 2014; FHWA 2017b).

Weather Data
The National Snow Analysis’s (NSA) National Operational Hydrologic Remote Sensing
Center (NOHRSC) provides snowfall data from several Meteorological Assimilation Data Ingest
System (MADIS) stations. This includes hourly modeled snow water equivalent (SWE), snow
depth, and snow density. The modeled data comes from Snow Data Assimilation System
(SNODAS) under the National Snow and Ice Data Center (NSIDC) and inputs sensible weather
variables (e.g., temperature, moisture, wind), taken from NWS cooperative observation (COOP)
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stations, and surface radiation budget variables into a downscaled Rapid Update Cycle (RUC)
model (Carroll et al. 2006).
Some NOHRSC MADIS stations also store observations of snow depth, SWE, and snow
density. However, of the MADIS stations in northeastern Illinois, only the Chicago O’Hare
International Airport station (KORD) records snow depth observations, albeit at 6-hourly
resolution. Snow depth observations are used to assess the integrity of the modeled snow depth
data output in the MADIS stations. Thirty-four locations are selected, corresponding to airports
and stations that report METARs.
The hourly modeled snow depth data are used to estimate the hourly snowfall rate by
taking the difference in snow depth between two consecutive hours. If the difference is less than
zero, this means the snow is melting (or the melt rate was greater than any accumulation rate);
thus, the snowfall rate is estimated to be zero. Radar data archives are collected from the
National Centers for Environmental Information (NCEI) to compare radar estimates to estimated
hourly snowfall rate.
Verifying the precision of the data is important because, while this does not directly
evaluate accuracy of the data, the similarity between the radar estimates of snow intensity and
the estimated hourly snowfall rates can be a measure of the data’s accuracy. For example, the
winter storm of 31 January through 2 February 2015 was tested for data precision using NWS
Chicago radar observations and the NOHRSC dataset’s modeled snow data. The radar
observations seemed to match well with the modeled snow data (Fig. 5a). Additionally, when
storm total snowfall was compared, the modeled data and the observed snowfall seemed to
match with little variation between the modeled and observed snow totals (Fig. 5b).
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Fig. 5. Comparisons of the NOHRSC modeled snow data and NWS Chicago observations for (a)
1 February 2015 at 0700 UTC, NOHRSC estimated modeled snowfall rate and NWS Chicago
radar and (b) NOHRSC estimated total snowfall and NWS Chicago 48-hour total snowfall
observations.

Another way to understand the intensity of snowfall is to analyze the winter weather
NWS products that were issued across the NWS Chicago CWA counties during snow events.
The Iowa Environmental Mesonet’s (IEM) Valid Time-Extent Code (VTEC) Browser archives
winter weather advisories and winter storm warnings extending back to 2006. The data from the
archived VTECs include the counties that were under a given weather advisory, when the
advisory was issued, when the advisory had expired, and (if the product had been cancelled
before expiration) when the product was cancelled. NWS Chicago issues a winter weather
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advisory when 5 to 15 cm (2 to 6 inches) of snow, reductions in visibility, or light freezing
precipitation accumulation is forecast. A winter storm watch is issued when heavy snow,
freezing precipitation accumulation, or reduced visibility is forecast, and a winter storm warning
is issued when 15 cm (6 inches) of snow in 12 hours or 20 cm (8 inches) of snow in 24 hours is
imminent. Additionally, blizzard watches and warnings are issued when winds greater than or
equal to 60 km h–1 (35 miles per hour), decreased visibility, and heavy snowfall are forecast
(NWS Chicago 2017).
In addition to the standard warnings and advisories described, other winter weatherrelated advisories from 2005 to 2015 are examined, including blowing snow advisories, heavy
snow warnings, ice storm warning, lake effect snow advisories, watches, and warnings, snow and
blowing snow advisories, snow advisories, freezing fog advisories, and freezing rain advisories.
Blowing snow advisory, heavy snow warnings, snow and blowing snow advisories, and snow
advisories have obsolesced, as they have not been issued since 2008 and have been taken off the
list of criteria for advisories, watches and warnings on the NWS Chicago CWA homepage (NWS
Chicago 2017). However, these legacy products are included in the analysis as they nonetheless
have been issued in the past as a means of communicating a potential winter hazard.
In total, there are 4,184 winter weather-related NWS products that have been issued by
the NWS Chicago office between the 2005 and 2015 cool seasons, and 2,827 of those were
winter weather advisories, winter storm watches, and winter storm warnings. Specifically, there
have been 1,491 winter weather advisories, 684 winter storm watches, and 652 winter storm
warnings issued since its first archived record of January 2006 until March 2015. There also have
been a total of 2,545 advisories, 777 watches, and 862 warnings related to winter weather issued
during the study period (Table 3).
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Table 3. The number of advisories, watches, and warnings issued between 2005–2006 winter to
2014–2015 winter.
Product/Type
Years Issued Count
Blowing Snow Advisory (BS)
2007–2008
57
Blizzard (BZ)
2007–2015
157
Watch
73
Warning
84
Heavy Snow Warning (HS)
2005–2007
40
Ice Storm Warning (IS)
2005–2007
57
Lake Effect Snow (LE)
2005–2015
116
Advisory
67
Watch
20
Warning
29
Snow and Blowing Snow Advisory (BS)
2007–2008
51
Snow Advisory (SN)
2005–2008
373
Winter Storm WS)
2006–2015
1,336
Watch
684
Warning
652
Winter Weather Advisory (WW)
2006–2015
1,491
Freezing Fog Advisory (ZF)
2007–2014
167
Freezing Rain Advisory (ZR)
2007–2015
339

The winters from 2005–2006 to 2014–2015 amount to a total of 21,648 hours. While the
number of hours differs slightly between each county (some counties may be under an advisory
or warning while other counties are excluded), overall, about 20,324 (over 90 percent) hours
were not warned or advised for any winter weather-related NWS products. On the other hand, an
average of 888 hours was under a NWS winter weather-related advisory in a given county in the
study domain, and an average of 436 hours was under a warning (Fig. 6).
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Fig. 6. The total number of hours in the study domain (10 winters of 90 days, plus two leap
days). Blue (yellow/red) represent the number of hours that were under no winter weather
advisory or warning (under a winter weather advisory/under a winter weather warning), averaged
over the counties within the study domain.

Land Use and Roadway Information

In addition to understanding the traffic accidents, injuries, and fatalities with respect to
traffic volumes and weather, the data are assessed with respect to land use to understand how
traffic accident, injury, and fatality patterns change depending on the level of development. The
Multi-Resolution Land Characteristics (MRLC) Consortium stores National Land Cover
Databases (NLCDs) from 2011, 2006, and 2001. Using satellite imagery from Landsat Thematic
Mapper (TM) data with 30-meter spatial resolution, this database distinguishes different land
cover classifications. The classes in the NLCDs include four levels of development: open space,
low intensity, medium intensity, and high intensity. Additionally, the data includes
classifications between forests, shrublands, cultivated lands, wetlands, barren lands, and water
bodies (Table 4) (Fry et al. 2011; Homer et al. 2015). These data help identify where traffic
accidents, injuries, and fatalities occur most frequently.
In addition to the land use data, this study explores roadway jurisdiction, courtesy of
IDOT by spatially joining each traffic accident to the corresponding year’s roadway data. These
data are used to classify traffic accidents by the type of roadway (e.g., interstate, U.S. route,
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Illinois state route) to examine relationships between snow events, traffic accidents, and the type
of roadway where the accidents occurred.

Table 4. The classes depicted in the NLCD classification scheme (after Fry et al. 2011; Homer et
al. 2015).
Class Classification Description
Class Classification Description
Water
Shrubland
11 Open Water
51
Dwarf Scrub
12 Perennial Ice/Snow
52
Shrub/Scrub
Developed
Herbaceous
21 Developed, Open Space
71
Grassland/Herbaceous
22 Developed, Low Intensity
72
Sedge/Herbaceous
23 Developed, Medium Intensity
73
Lichens
24 Developed High Intensity
74
Moss
Barren
Planted/Cultivated
31 Barren Land (Rock/Sand/Clay)
81
Pasture/Hay
Forest
82
Cultivated Crops
41 Deciduous Forest
Wetlands
42 Evergreen Forest
90
Woody Wetlands
43 Mixed Forest
95
Emergent Herbaceous Wetlands

Traffic Volume Data

Traffic volume data are obtained from the Traffic Count Database System (TCDS) from
IDOT. This database provides short-term and continuous TCDS volume data at an hourly scale.
Within the study area, there are fifty-one continuous TCDS stations with traffic data starting
from 2012. The TCDS stations are closely spaced in Cook, DuPage, Lake, and Will counties, but
they are sparsely spaced in the other counties of the study area. There are no continuous TCDS
stations in Boone, DeKalb, Ford, Grundy, Iroquois, Kendall, and Livingston counties. All the
TCDS stations are missing data, with varying degrees of temporal data coverage. Percent
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coverage is calculated by dividing the number of days with available records by the total 270
winter days between December 2012 and February 2015.
The sparseness of the traffic volume data presents many issues. First, because the data are
spatially sparse, it is unfeasible to establish a network of traffic volume approximations
throughout the region. Instead of working out a network of traffic volume data, this research uses
a representative traffic volume mean derived from taking the mean of traffic volume records for
every hour. However, doing so for all TCDS stations results in skewed means because some
hours may only have urban TCDS stations with available data while other hours may have only
rural TCDS stations with available data. Instead, only TCDS stations with 80 percent coverage or
better are utilized to determine a representative “mean hourly traffic volume”. This reduces the
chances of producing traffic volume means from only urban or only rural TCDS stations. Also,
when localized winter weather occurs (e.g., lake effect snow), the representative mean can
capture the effects of the localized winter weather on the overall state of traffic across the spatial
domain.
The nine TCDS stations employed to represent the overall traffic volume of the region
include data from Winnebago, McHenry, Lake, DuPage, Cook, and Will County roadways. The
average coverage of records between the nine TCDS stations is 86.79 percent, or about 234 days
with available data out of the 270 days between the 2012–2013 and 2014–2015 winters (Table
5).
This method to identify a “representative” hourly traffic volume count for all of the study
area is crude and dilutes almost all variance in the traffic volume that occurs in the real world.
Therefore, the main analysis of accident frequency excludes traffic volume analysis. Instead, an
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experimental analysis for the relationship between traffic accidents, snowfall rate, and traffic
volume is performed to preliminarily identify any noteworthy trends.

Table 5. Percent coverage for the TCDS with the best data coverage.
Number of
Percent
TCDS ID
County
Days with Data Coverage
001570
Lake
249
92.2%
001560
Lake
248
91.9%
001330
DuPage
243
90.0%
001840
Will
241
89.3%
001320
DuPage
239
88.5%
001200
Cook
229
84.8%
002280
Winnebago
223
82.6%
001620
McHenry
219
81.1%
001125
Cook
218
80.7%

Methods

One of the most common methods used to compare non-adverse weather traffic accident
occurrence with those in adverse weather is a matched-pair analysis, in which a day with adverse
weather is paired with a day with fair weather to calculate the difference in the number of traffic
accidents between the paired days as a ratio (Andrey and Olley 1990; Andrey and Mills 2003;
Andrey et al. 2003a; Andrey et al. 2003b). One of the problems with matched-pair analysis can
be temporal resolution. Snow events occur at an hourly scale, so a daily scale may capture nonadverse weather conditions if a snow event only lasts a few hours. Furthermore, these matchedpair analyses did not consider the changes in traffic volume between the fair-weather day and
adverse-weather day. Rather than computing relative risk using a matched pair, traffic accident
frequencies (accidents per hour) are calculated for each snow “event” that occurred, and an
analysis of variance (ANOVA) and a linear regression model are tested to identify any influence
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of snowfall rate on traffic accident occurrence. Similarly, linear regression is used to simulate a
line-of-best-fit to illustrate the effect of snowfall rates and traffic volume on traffic accident
frequency for this research.
The challenge with establishing snow “events” is that it is difficult to distinguish the
“beginning” and “ending” of any particular snow event. However, because normalizing the
average number of accidents, injuries, and fatalities per event helps to take into account the fact
that weaker snow events occur more often (Eisenberg and Warner 2005), a method to identifying
the duration of each event is imperative. An “event” encompasses the entirety of the spatial
domain of the research, so traffic accidents must be aggregated not only within the temporal
bounds of each event, but also spatially across the study domain.
Determining when the beginning and ending of each event requires the calculation of a
homogeneous representative snowfall rate value for each hour across the study area. Using the
34 separate NOHRSC stations, the snowfall rates are interpolated across the spatial domain for
every hour using a geographic information system (GIS). This results in the creation of
thousands of raster images of hourly snowfall rates across the study area. For each raster image,
after ensuring that it is clipped to within the study domain only (i.e., the 18 NWS Chicago
counties in Illinois), the mean value of the raster is calculated, and a time series of the
representative mean hourly snowfall rates is created. This time series is used to determine when
snow events begin and end.
The consistency of the snowfall rates across the study domain is qualified by calculating
the standard deviation of the snowfall rate across the study area for every hour of snowfall. Only
the hours for which the mean hourly snowfall rate is nonzero are included in this verification.
Nearly 70 percent of these hours reported a standard deviation of less than 0.05 cm h -1 (Fig. 7).
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This means that the snowfall rate for many of the hours did not change considerably across the
study area. On the other hand, the hours with larger standard deviations may indicate that
snowfall may be more localized during these hours (e.g., lake-effect snow).

Fig. 7. Histogram of the standard deviation of hourly snowfall rate across the study domain.

The mean snowfall value of each hourly raster is used in a quasi-objective procedure to
determine when the snowfall “event” begins and ends:
•

Any hour with a snowfall rate of greater than 0.05 cm h–1 is a candidate for a snow event.
This is derived from the NWS procedure for measuring snowfall every six hours and
snow depth once a day: The prescribed threshold for a “trace” of snowfall or “trace”
snow depth converts to roughly 0.05 cm h–1 (NWS Greenville-Spartanburg 2018).
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•

If the snowfall rate exceeds the 0.05 cm

h–1

threshold for three consecutive hours or

more, the start of the snow event is at the hour when the threshold is first exceeded.
Otherwise, it will not count as a snow event because the snowfall is too short.
•

If the snowfall rate after the start of an event decreases to less than the 0.05 cm h–1
threshold and stays below the threshold for more than three hours, then the last hour of
the event is the hour before the snowfall rate is less than the threshold. However, if this
break is 3 hours or shorter before the next threshold exceedance, then the last hour of the
snow event is the hour before the next break begins.

•

One more exception to this procedure lies in the NWS weather products’ interaction with
the snowfall: If there are multiple “events” during a single stretch of NWS advisories,
watches, or warnings, these events are combined into one until the end of the event that
ends after the final advisories, watches, or warnings are cancelled or have expired.
Because this protocol is partly subjective, it results in a coarse estimate of the event start

and end times, but this coarseness can also reduce spatial variance such that regional scale
statistics can be calculated without encountering too much noise. This also means that inaccurate
forecasts that led to, in retrospect, unnecessary issuances of NWS products are also included in
this study. These are not accounted for not only because this requires another layer of
subjectivity, but also because NWS product issuances, whether accurately forecast or not,
nonetheless gain media attention and cause changes in travel plans (Barjenbruch et al. 2016).
Following this procedure avoids ambiguity in the start and end times of each event.
However, not all ambiguity is removed. In the case of ambiguity, there is a bias towards
combining events, especially when there are NWS products issued, because of the media
attention of NWS weather products reaching a broader audience. However, if ambiguous breaks
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in the 0.05 cm

h–1

exceedance occur between two different days or between the morning and

evening rush hours, these are considered separate events more often than not because of the
change in traffic flow. Following this procedure revealed that 90 percent of the hours in the study
period did not observe snowfall rates above 0.05 cm h–1, but as many as a third of the days
experienced at least one hour of snowfall rates above 0.05 cm h–1 (Fig. 8).

Fig. 8. The percentage of (a) days that modeled at least one hour of snowfall rate > 0.05 cm h–1
and (b) hours that modeled an hourly snowfall rate > 0.05 cm h–1.

Once its start and end have been established, each snow event is given an event ID
number, and each event is also categorized in two ways: by snow event type and by snow
intensity tier. Snow event type evaluates the NWS products that were issued at the time of the
snow event. The event is assigned a value, “U”, “Y”, or “W”, corresponding to the maximum
tier, “unwarned”, “advisory”, or “warning”, respectively. If warnings and advisories were both
issued during a snow event, the warning is prioritized as the main snow event type. However,
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some exceptions occur. For example, if an event did not have any NWS products issued except
for only a few hours for very few counties, then the event is still classified as an unwarned event.
All accidents that are not binned into any event are aggregated as a single “Nonevent”, denoted
as “X”.
Assessing the frequency of traffic accidents per event by the type of snow event
introduces noise related to human error because the issuance of a NWS product is left to the
discretion of an NWS employee. While the NWS products can influence the traffic volume, the
potential noise from human error is not accounted for.
Snow intensity tiers evaluate the mean hourly snowfall rate of the event and categorize it
as one of seven tiers of snowfall intensity. While the thresholds are defined mainly by
approximating the thresholds for Winter Weather Advisories or Winter Storm Warnings to
centimeters per hour, a histogram was used to determine the thresholds for tiers 1, 2, and 3 to
categorize further the large number of events that are contained in these tiers so that there are an
approximately the same number of events in each of the three tiers (Fig. 9). The thresholds were
determined to be the following: tier 0 would be any event with mean hourly snowfall less than
0.05 cm h–1; tier 1 between 0.05 to 0.10 cm h–1 (0.10 not inclusive); tier 2 between 0.10 to 0.15
cm h–1 (0.15 not inclusive), tier 3 between 0.15 to 0.30 cm h–1 (0.30 not inclusive), tier 4 between
0.30 to 0.5 cm h–1 (0.50 not inclusive), tier 5 between 0.50 to 0.85 cm h–1 (0.85 not inclusive),
and tier 6 greater than or equal to 0.85 cm h–1 (Table 6).
The analysis of snow event types and snowfall rates are similar in that both are a measure
of the intensity of the snow event. However, each analysis presents a unique way to understand
the relationship between the intensity of snow and traffic accident frequencies. Namely, while
the snow event type is categorical, the snowfall rate is quantitative. Analyzing the categorical
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event type will help to reveals differences in traffic accident frequencies between stronger snow
events and weaker snow events, while analyzing the quantitative snowfall rates will help
describe the relationships between snowfall rate and traffic accident frequency. Furthermore, the
intensity of NWS products did not correspond with the snowfall intensity tiers (e.g., some
unwarned events were ranked tier 3, and some warned events were ranked tier 1). This is
expected because the warning criteria assess snow accumulation and duration separately, while
the snowfall intensity tiers in this study employs snowfall rates.

Fig. 9. Histogram of each snow event’s mean hourly snowfall rate employed to determine
thresholds for tiers 1, 2, and 3, denoted by the box. Dashed lines depict the thresholds for each
tier of mean hourly snowfall rate.
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Table 6. The tiers of snowfall intensity. The tiers are derived mainly from thresholds for NWS
Winter Weather Advisories or Winter Storm Warnings.
Mean hourly snowfall
rate range (latter number
Assigned Number of
–1
not inclusive) (cm h )
Tier
Events
0.00 to 0.05
Tier 0
2
0.05 to 0.10
Tier 1
49
0.10 to 0.15
Tier 2
50
0.15 to 0.30
Tier 3
62
0.30 to 0.50
Tier 4
46
0.50 to 0.85
Tier 5
27
0.85 or greater
Tier 6
10

A final snow event-based traffic accident aggregate dataset is developed, containing
columns for event ID number, duration of event (hours), the start time and end time of the snow
event, the mean hourly traffic volume during each snow event, mean hourly snowfall rate during
event (cm h–1), the year, month, day, hour, and day of week of when the event’s maximum
snowfall rate was observed, the total number of accidents (overall all accidents, damage-only
accidents, injury-only accidents, and fatal accidents), total number of vehicles involved in
accidents, mean number of injuries or fatalities per accident, total number of CMV-involved
accidents, total number of accidents by road jurisdiction (e.g., interstate, U.S. route, Illinois state
route, unsigned/local road), total number of accidents by NLCD land use of the accident’s
surroundings, intersection accidents, work zone accidents, and speeding accidents. These
numbers are aggregated for every snow event. Additionally, the mean number of accidents for
each column are calculated per hour by dividing the total counts by the duration of the
corresponding snow event.
This research assesses a total of 21,648 hours, including ten winters (December, January,
February) and two leap days, in 2008 and in 2012. Within this study area, 245 snow events have
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been identified, of which 144 were unwarned events, 58 were advised events, and 43 were
warned events. Meanwhile, 49 of the 245 events were categorized as tier 1 snow events, 50 tier
2, 62 tier 3, 46 tier 4, 27 tier 5, and 10 tier 6 snow events. These tallies are consistent with the
fact that weaker snow events (i.e., lower mean snowfall rates) are more common than more
intense snow events (Eisenberg and Warner 2005). Of the 21,648 hours, there was an average of
21,205 hours of available modeled snow depth data among the 33 NOHRSC stations. There was
no observed snowfall during any of the hours with missing data. About 90 percent of the hours
reported snow intensities corresponding to Tier 0 intensity (snowfall rate less than 0.05 cm h–1)
(Table 7). The mean number of hours that a NOHRSC station observed hourly snowfall rates
corresponding to tier 1, 2, 3, 4, 5, and 6 intensities were approximately 445, 238, 443, 295, 285,
and 344 hours, respectively.

Table 7. The mean number of hours that observed snowfall rates of each corresponding tier of
snow intensity.
Basin Mean Total
Duration (hours) Percentage
Length of Record
21,205
Tier 0
19,152
90.3%
Tier 1
445
2.10%
Tier 2
238
1.12%
Tier 3
443
2.09%
Tier 4
295
1.39%
Tier 5
285
1.34%
Tier 6
344
1.62%

For land cover data, the 2006 NLCD is used to assess traffic accidents from 2005 to 2008,
and the 2011 NLCD is used to assess traffic accidents from 2009 to 2015. One of the drawbacks
to the NLCD is its derivation from remote sensing. The 30-meter resolution is enough to resolve
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the road itself, which usually is automatically classified as some level of development. This
presents a problem if NLCD classification values were extracted directly from the accident
location: Most accidents will return a level of development even if the surroundings were of
croplands or forested area. To avoid inaccurate classification of the characteristics of the
surroundings of each traffic accident location, a 100-meter buffer is applied to each traffic accident,
and the most frequent classification type within the buffer is considered the predominant land use
of the location of the accident (Rahman et al. 2016).
To first understand the effects of weather on traffic accident rates, broad statistics of traffic
accidents, and adverse weather are generated for the study domain. This analysis of traffic
accidents as they relate to weather commences with an overall assessment of traffic accidents
across the study domain. Additionally, descriptive statistics are explored by year, month, county,
land cover, type of vehicle, route type, reported weather conditions, and reported road conditions.
Then, an analysis of variance (ANOVA) model and a linear regression model are tested for
the snow event type and the snowfall rates, respectively. The ANOVA can help to identify the
differences, especially by employing family-wise error rate calculations, between each type of
snow event. Additionally, the regression using the snowfall rate can help to describe the
relationship between snowfall rate and traffic accident frequency, holding all other variables
constant.
In addition to these statistics, a ranking of traffic accidents is compiled by number of
vehicles involved. Multiple-vehicle traffic accidents (MVTAs) are a potential hazard that
commuters face on highways, and CMVs tend to be involved in most visibility-related MVTAs
(Ashley et al. 2015). Similarly, the number of traffic accidents and the number of MVTAs
involving CMVs are analyzed. Understanding the involvement of CMVs in MVTAs by the type

39
of adverse winter weather can help develop mitigation strategies aimed at reducing accidents
involving CMVs in the future.
These analyses help to depict the relationship between snowfall rates and traffic accident
frequencies. However, the relationship has not taken traffic volume into account yet. An
experimental part of the study incorporates the traffic volume as a variable to describe the
relationship between traffic accidents, traffic volume, and snowfall rate by using a linear regression
to simulate a three-dimensional line-of-best-fit for the available dataset. Additionally, the dataset
is limited only to snow events during which the maximum snowfall rate occurred during the rush
hours to focus only on times when the traffic volume was higher. This analysis is experimental
because of the spatially and temporally sparse nature of the traffic volume data.

CHAPTER FOUR
RESULTS

During the winter seasons from 2005–2006 to 2014–2015 reveals 665,557 traffic accident
reports for the study domain. Accidents peaked in the 2007–2008 winter season, and the number
has been consistently below the ten-winter mean of 66,555 accidents since the 2009–2010
season, although this may simply be related to the 2009 redefining of an IDOT-reportable
accident (SR1050 2013). More accidents occurred in December than they occurred in January or
February, and although damage-only and injury-only accidents peaked on Fridays, fatal
accidents occurred most frequently on Saturdays (Fig. 10). While accidents peaked during the
hours of 0900, 1500, and 1700 overall, fatal accidents peaked during the hours of 0200, 1400,
1800, and 1900 (Fig. 11).
Cook County reported not only the greatest number of accidents, but also the greatest
number of accidents per population. The greatest number of fatal accidents per population was in
Iroquois County (Fig. 12). As expected, accidents occur most frequently where the population is
greater, concentrating in urban and suburban cores such as Chicago, Rockford, Schaumburg,
Joliet, and Elgin. Although 71 percent of accidents occurred on unsigned roadways, this
decreases to 63 percent when focusing on fatal accidents only; thus, the proportion of accidents
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along marked routes, known more for their higher traffic volumes and higher speed limits, is
greater for fatal accidents than that for damage-only or injury-only accidents (Fig. 13).

Fig. 10. Total number of accidents for a given day of week, by type of accident.

Accidents occurred most frequently where the surrounding land use was developed
medium intensity, developed high intensity, developed low intensity, cultivated crops, or
developed open space. However, while 70 percent of damage-only accidents occurred over
developed medium or high intensity areas and 26 percent over developed low, developed open
space, or cultivated crop areas, only 51 percent of fatal accidents occurred over developed
medium or high intensity areas and 45 percent over developed low, developed open space, or
cultivated crop areas. This could indicate that accidents over less developed areas are more
dangerous because vehicle speeds tend to be faster along rural roadways (Fig. 14).
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Fig. 11. Mean daily number of accidents, by hour.

Single-vehicle accidents accounted for only 16 percent of damage-only accidents but
were over 55 percent of fatal accidents. Meanwhile, accidents involving two vehicles accounted
for 77 percent of damage-only accidents but only were 34 percent of fatal accidents. This could
indicate that traffic accidents involving only one vehicle may be involved with more dangerous
types of collisions (e.g., rollovers, pedestrians, speeding).
MTVAs tend to occur during slick road conditions. On 21 December 2012 at 0800 CST,
an accident involving 22 vehicles occurred at the intersection of W. Diversey Avenue and N.
Kedzie Avenue in Chicago. This accident does not fall under any snow event but occurred less
than ten hours after the end of a warned, tier 4 snow event. Of the ten accidents with the most
number of vehicles involved, seven of them occurred when the roads were wet-icy, snowy, or
slushy; and six occurred during a snow event. Half of the MTVAs in the study domain occurred
on unsigned, local roads (Table 8).
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Fig. 12. (a) All accidents normalized per 1,000 people, and (b) fatal accidents normalized per
10,000 people. Numbers represent the raw count of (a) all traffic accidents and (b) fatal traffic
accidents within the study domain.

Over two-thirds of damage-only accidents, 70 percent of injury-only accidents, and 74
percent of fatal accidents occur in clear weather. Meanwhile, of all the weather-related accidents,
two-thirds occurred during snow, but the percentage of accidents related to weather decreased as
the injury severity of the accident increased (Fig.15a). These patterns are consistent with the
number of accidents related to dry road conditions: While 49 percent of damage-only accidents
occurred over dry road conditions, 52 percent of injury-only and 57 percent of fatal accidents
occurred over dry road conditions (Fig. 15b). This relationship may indicate that clear or fair

44
weather is associated with more dangerous accidents because fewer people tend to slow down
compared to days with precipitation or with slick road conditions.

Fig. 13. Damage-only, injury-only, and fatal traffic accidents, by type of roadway, in the study
domain.

Daily tallies of traffic accidents also reveal a dichotomy of patterns between days with
many rain, snow, or wet road condition traffic accidents and days with clear weather or dry road
condition traffic accidents. That is, days with ten or more snow or rain accident reports tended to
also observe more accidents overall compared to days with less than ten snow or rain accident
reports; this pattern is consistent with not-dry versus dry road condition accidents (Fig. 16).
On a day with ten or more traffic accidents related with rain or snow, the mean daily
number of accidents for that day is approximately 220 accidents greater than the mean daily
number of accidents for days reporting less than 10 accidents related to rain or snow (at the 95
percent significance level). Similarly, on a day with ten or more accidents related to wet road
conditions, the mean daily number of accidents for that day is approximately 187 accidents
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greater than the mean daily number of accidents for days reporting less than 10 accidents related
to wet road conditions. This indicates that days with rainy or snowy conditions, and days with
wet road conditions, tend to have more traffic accidents than days with clear weather conditions
and for days with dry road conditions (Table 9).

Fig. 14. Proportion of damage-only, injury-only, and fatal traffic accidents by surrounding land
cover for the study area. Note the difference in the proportion of the surrounding land use
classification for fatal accidents compared to the damage-only and injury-only accidents.

Table 8. Top ten traffic accidents by the number of vehicles involved for the study area. Italic rows denote accidents that occurred
during a tier 1, 2, or 3 snow event. Bold italic rows denote accidents that occurred during a tier 4, 5, or 6 event.
Number of
Vehicles
Weather
Time of Accident (CST) Involved Condition

Road
Surface
CMV
Condition Involved?

County

County
NWS
Product

Surrounding
NLCD

Sample
Traffic
AADT Route Type Volume

Fri, 21 Dec 2012 0800

22

Other

Other

Yes

Cook

Unwarned

Developed High
Intensity

10,600

Unsigned,
Local

2,540

Fri, 20 Dec 2013 0500

20

Rain

Ice

No

Winnebago

Advised

Developed Low
Intensity

14,100

Unsigned,
Local

537

Fri, 17 Feb 2006 0800

17

No Data

No Data

Yes

Cook

Tue, 6 Feb 2007 1200

17

Snow

Ice

Yes

Lake

Wed, 23 Dec 2009 1900

16

Sleet / Hail

Ice

No

Cook

Unwarned

Developed Low
Intensity

10,400

Unsigned,
No Data
Local

Thu, 20 Feb 2014 1600

15

Fog / Smoke /
Haze

Wet

No

Will

Unwarned

Developed Low
Intensity

35,100

Interstate

2,906

Fri, 9 Jan 2015 0900

14

Clear

Ice

Yes

Kane

Unwarned

Developed Low
Intensity

54,900

Interstate

No Data

Tue, 1 Feb 2011 1500

13

Snow

Snow or
Slush

Yes

Ogle

Warned

Cultivated Crop

2,600

Illinois
No Data
State Route

Tue, 20 Dec 2011 1800

13

Rain

Wet

No

Cook

Unwarned

Developed High
Intensity

14,900

Unsigned,
No Data
Local

Sun, 15 Feb 2015 0400

13

Clear

Dry

No

Cook

Unwarned

Developed High
Illinois State
48,400
No Data
Intensity
Route
Developed Open
Unwarned
148,200 Interstate No Data
Area
Unwarned

Developed Medium
Unsigned,
No Data
Intensity
Local

107

46
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Fig. 15. Damage-only, injury-only, and fatal traffic accidents, by (a) reported road surface
condition and (b) reported weather condition. “Other” weather includes cloudy, fog, hail, haze,
overcast, severe cross wind, sleet, and smoke.
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Fig. 16. Hourly traffic accidents by (a) reported weather condition and (b) reported road
condition for the 2005–2006 winter. The patterns were similar for all the winter seasons in the
study domain.
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Table 9. Mean daily number of accidents, categorized by the number of weather-related
accidents or slick road condition accidents.
Weather Conditions
Road Surface Conditions
10 or more Less than 10 Less than
snow or rain snow or rain 10 dry road 10 or more dry
accident
accident
accident
road accident
reports
reports
reports
reports
Mean Daily Number of Accidents
807 (398)
518 (149)
710 (286)
476 (103)
(Standard Deviation)

Snow Event-Based Statistics

Unwarned events lasted for a mean duration of 7 hours, while advised and warned events
lasted for a mean duration of 14 hours and 23 hours, respectively (Table 10). Tier 1 events lasted
for a mean duration of 7 hours, while Tier 6 events lasted for a mean duration of 15.8 hours,
indicating that more intense snow events may tend to last longer (Table 11). The longer the snow
event, the more accidents may occur during the snow event simply because of the duration.
Therefore, the change in traffic accidents per hour with respect to the mean snowfall rate of each
event was analyzed to account for the effect that duration has on raw count.

Table 10. Number of events, mean duration, mean hourly snowfall rate, and mean hourly
snowfall rate for each level of snow event type. Accidents that occurred when the snowfall rate
was below the 0.05 cm h–1 were all binned in a single “nonevent” category.
Type of Event
Nonevent
Unwarned
Advised
Warned
Number of Events
144
58
43
Mean Duration (hrs)
7.61
14.26
23.21
Mean Snowfall Rate (cm h–1)
0.0036
0.1994
0.2742
0.5801
Overall, the typical snow event had a mean hourly snowfall rate of 0.28 cm h–1 (Table
12). The event experienced a total of about 2,705 traffic accidents, of which 2,245 were damage-

50
only, 455 were injury-only, and 4 were fatal accidents. During the event, 217 accidents involved
at least one CMV, and 1,074 occurred at an intersection. There were 189, 187, 405, and 1,912
accidents along interstate routes, U.S. routes, Illinois state routes, and unsigned/local roads,
respectively, and there were 54, 648, 1,071, 828, and 68 accidents in developed open areas,
developed low intensity, developed medium intensity, developed high intensity, and cultivated
cropland areas, respectively, during the event (Table 12).

Table 11. As in Table 10, but for snowfall intensity tiers. Accidents that occurred when the
snowfall rate was below the 0.05 cm h–1 were categorized as “tier 0”.
Snow Intensity Tier
Tier 0
Tier 1
Tier 2
Tier 3
Tier 4
Tier 5
Tier 6
Number of Events
2
49
50
62
46
27
10
Mean Duration (hrs)
7.0
9.4
13.4
15.3
15.0
15.8
Mean Snowfall Rate
0.0263 0.0772 0.1225 0.2241 0.3705 0.6460
1.1202
(cm h–1)

Nonevents are defined as all the accidents that occurred outside of any snow event. A
total of 537,268 traffic accidents occurred in nonevents, of which 442,887 of them were damageonly, 93,382 were injury-only, and 999 were fatal. Similarly, tier 0 accidents are all the accidents
that occurred outside any snow event, but tier 0 also includes one snow event for which the mean
snowfall rate for the entire event was less than 0.05 cm h–1.

Results by Snow Event Type

Overall, there seems to be an increase in the number of accidents per hour as the snow
event becomes more significant in terms of weather advisories being issued. For example, nonevents observed an average of 28 accidents per hour while warned snow events observed an
average of 52 accidents per hour. This steady increase, however, is present in damage-only
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accident frequencies, and frequencies of injury-only and fatal accidents exhibit a different
pattern. Advised events had more injury-only accidents per hour than unwarned events, but this
frequency decreases again for warned events. For fatal accidents, unwarned events and warned
events both exhibited lower accident frequency than both nonevent and advised events (Fig. 17).
Although these patterns seem consistent with the hypothesis for fatal accident frequencies, they
seem opposite from the hypothesis for damage-only accidents.

Table 12. Totals and hourly means of accidents, calculated by taking the mean of the accidents
and related attributes for all snow events in the snow-event-based dataset.
Mean snow event duration (hours)
88
–1
Snowfall Rate (cm h )
0.2828
Mean Hourly Traffic Volume
1,410
Total per Event per Hour per Event
Accidents
2,706
42.38
Vehicles
5,180
77.29
Damage-Only Accidents
2,245
36.00
Injury-Only Accidents
456
6.335
Injuries
631
8.613
Fatal Accidents
4
0.050
Fatalities
5
0.056
CMV-involved Accidents
218
3.424
Intersection Accidents
1,074
15.83
Work-Zone Accidents
4.68
0.064
Speeding Accidents
4.08
0.066
Accidents on Interstate Routes
189
3.991
Accidents on U.S. Routes
197
3.142
Accidents on Illinois State Routes
406
6.598
Accidents on Unsigned/Local Roads
1,913
28.65
Accidents in Developed Open Areas
54
1.264
Accidents in Developed Low Intensity Areas
648
11.83
Accidents in Developed Medium Intensity Areas
1,071
16.11
Accidents in Developed High Intensity Areas
829
10.86
Accidents in Cultivated Cropland Areas
68
1.548
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Fig. 17. Number of (a) damage-only accidents per hour, (b) injury-only accidents per hour, and
(c) fatal accidents per 100 hours, by type of event, averaged per event.
To determine whether the relationship of snow event type and mean traffic accident
frequencies exists at a 95 percent statistical significance, an ANOVA model is tested with traffic
accident frequency as a function of snow event type—that is, whether the snow event was
warned, advised, or unwarned. Although the issuance of NWS weather products rest on the
subjective judgement of a local NWS officer, these weather products, especially warnings, have
enough influence to alter the driving schedule of commuters, ultimately dictating a change traffic
volume (Barjenbruch et al. 2016).
The results showed that damage-only accidents per hour is a function of event type, along
with the year, and the hour during which the maximum snowfall rate of an event was estimated.
Similarly, the number of injury-only accidents per hour was also a function of event type, year,
and hour. Conversely, the number of fatal accidents per hour was not a function of event type,
but of the day of the week during which the maximum snowfall rate of an event was estimated
only (Table 13). This could mean that the relationship between winter weather and fatal

53
accidents is different from that between winter weather and damage-only or injury-only
accidents

Table 13. Table of variables tested in the ANOVA model for damage-only, injury-only and fatal
accident frequencies that, at the 95 percent significance, exhibited a relationship between
damage-only injury-only, and fatal accidents. Variables tested that were not statistically
significant in the ANOVA are excluded.
F-value for
F-value for
F-value for
Damage-only
Injury-only
Fatal
ANOVA Independent Variable
Accidents
Accidents
Accidents
Snow Event Type
6.706**
3.524*
Year of Max Snowfall Rate
6.617**
4.262**
Hour of Max Snowfall Rate
3.151**
3.618**
Day of Week of Max Snowfall Rate
3.147**
* Statistically significant at the 95 percent significance
** Statistically significant at the 99 percent significance
Additionally, family-wise error rate calculations (Tukey’s procedure) of the ANOVA
revealed little difference in traffic accident frequency except that, at the 95 percent confidence
level, there were more damage-only traffic accidents during warned events and advised events
than during unwarned events. Otherwise, all other comparisons were revealed to be statistically
insignificant.
Most accidents observe a higher accident per hour frequency for tier 6 snow events
compared to tier 1 snow events (Table 14). Additionally, tier 1 events reported a mean of
approximately 2 accidents per hour on Interstate routes, but tier 6 events reported a mean of
approximately 9 accidents per hour on Interstate routes. Likewise, tier 1 events reported a mean
of approximately 31 accidents per hour at roadway intersections, but tier 6 events reported a
mean of approximately 21 accidents per hour at roadway intersections. Similarly, the number of
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accidents on all road types and across the common surrounding land use areas increased as the
snow intensity tier intensified (Table 15).

Table 14. Mean hourly accidents frequency, averaged per event.
Type of Event
Type of Accident
Tier 0 Tier 1 Tier 2 Tier 3 Tier 4 Tier 5 Tier 6
Damage-Only Accidents per hour
30.8
28.7
28.9
35.5
40.0
49.5
56.4
Injury-Only Accidents per hour
5.40
5.83
5.19
6.69
6.73
7.36
7.95
Fatal Accidents per 100 hours
2.66
5.68
5.45
4.25
4.71
6.35
4.54
Accidents per hour
36.3
34.6
34.1
42.2
46.8
56.9
64.4

Damage-only accident frequencies follow a similar pattern to overall accident frequency.
On the other hand, for injury-only accidents, non-events observe a mean accident frequency of
5.4 injury-only accidents per hour, rising slightly to 5.8 per hour for tier 1 snow events, then
decreasing to 5.1 per hour for tier 2 snow events. From tier 2, the injury-only accident frequency
increases steadily to 7.9 injury-only accidents per hour for tier 6 snow events. Although the
pattern is slightly different from overall accident frequency with respect to snowfall rate tiers, the
general shape of the pattern is similar (Fig. 18).
On the other hand, fatal accident frequency with respect to snowfall rate tiers reveals a
fluctuating pattern, with two relative maxima in mean fatal accident frequency: During tier 1
snow events at 5.6 fatal accidents per 100 hours, and during tier 5 snow events at 6.4 fatal
accidents per 100 hours. The fatal accident frequency decreases again for tiers 2, 3, and 4 snow
events. This fluctuating pattern in fatal accidents suggests that weaker snow events and heavy
snow events are associated with more fatal traffic accidents while medium-intensity snow events
are associated with fewer fatal traffic accidents.
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Table 15. Snow-event based accident frequencies, averaged per event.
Type of Event
Tier 0 Tier 1 Tier 2 Tier 3 Tier 4
Number of CMV Accidents
2.871 2.404 2.666 3.312 3.961
per hour
Number of Intersection
11.112 13.539 12.759 16.453 17.212
Accidents per hour
Number of Work Zone
0.026 0.084 0.057 0.066 0.055
Accidents per hour
Number of Speeding
0.022 0.080 0.046 0.078 0.064
Accidents per hour
Number of Interstate
7.635 2.352 3.245 3.276 4.735
Accidents per hour
Number of U.S. Route
2.317 2.366 2.487 3.191 3.497
Accidents per hour
Number of Illinois State
5.043 4.959 5.256 6.667 7.241
Route Accidents per hour
Number of Accidents per hour
21.259 24.944 23.158 29.059 31.344
on Unsigned Roads
Accidents In Developed,
0.845 0.917 0.927 1.377 1.365
Open Space per hour
Accidents In Developed, Low
9.339 8.841 9.188 12.220 13.203
Intensity per hour
Accidents In Developed,
14.048 13.179 12.993 15.922 17.845
Medium Intensity per hour
Accidents in Developed, High
11.168 9.866 9.255 10.150 11.775
Intensity per hour
Accidents in Cultivated Crops
0.506 1.181 1.206 1.691 1.804
per hour

Tier 5

Tier 6

5.029

6.222

19.992 21.821
0.080

0.000

0.082

0.000

6.596

9.010

4.353

5.176

9.227

11.172

36.757 39.009
1.789

2.160

16.852 17.935
21.484 25.051
13.766 15.930
1.944

2.138

A linear regression modeled damage-only accidents per hour, injury-only accidents per
hour, and fatal accidents per hour, using the mean snowfall rates instead of the snow intensity
tiers. Ordinal data, such as the year, month, day, hour, and day of the week, were substituted by
dummy variables, with the base group being 0000 CST 1 December, with 0 cm h–1 of snow. At
this base group, the regression model could not identify an estimated intercept for damage-only
accidents and fatal accidents. On the other hand, the regression model estimated approximately
four injury-only accidents per hour at 0000 CST on Sunday, 1 December with no snow.
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Fig. 18. Number of (a) damage-only accidents per hour, (b) injury-only accidents per hour, and
(c) fatal accidents per 100 hours, for a given snow event.

For damage-only accidents per hour, a 1 cm

h–1
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increase in mean snowfall rate results in

an increase of approximately 27 damage-only accidents per hour. Likewise, a 1 cm h–1 increase
in mean snowfall rate results in an increase of approximately two injury-only accidents per hour.
Conversely, a change in the number of fatal accidents per hour with respect to mean snowfall
rate was not detected in the regression model (Fig. 19, Table 16).
Additionally, there increase in both damage-only and injury-only accidents per hour on
Tuesdays, Wednesdays, Thursdays, Fridays, and Saturdays compared to Sundays. There was an
increase of 4 fatal accidents per 100 hours on Saturdays compared to Sundays. Finally, there was
also a decrease in fatal accidents per hour in February compared to in December, and a decrease
in fatal accidents per hour on the eleventh day of the month compared to the first day of the
month (Table 16).
While the damage-only accidents and injury-only accidents reported ANOVA r-squared
values of less than 0.6, the fatal accidents reported an even lower r-squared value of only 0.3703.
The linear regression models reported a similar pattern of low r-squared values (Table 17). This
means that the ANOVA and regression models have more difficulty capturing the variance in
fatal accidents per hour than it does for damage-only accidents per hour and injury-only
accidents per hour. Part of the reason for low r-squared values may be because of the dataset’s
inability to differentiate the specific attributes of individual accidents (e.g., what land use or what
type of roadway the accident occurred, or what weather conditions or road surface conditions
were reported).

58

Fig. 19. Scatterplot and line-of-best-fit of (a) damage-only accidents per hour, (b) injury-only
accidents per hour, and (c) fatal accidents per 100 hours, for a given snow event by the mean
hourly snowfall rate for the event.
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Table 16. Table of variables tested in the robust regression model for damage-only, injury-only
and fatal accident frequencies that were statistically significant at the 95 percent significance.
Variables tested that were not statistically significant in the regression are excluded.
Damage-Only
Injury-Only
Fatal Accident
Treatments of the robust Accident Frequency Accident Frequency
Frequency (per 100
regression model
(per hour)
(per hour)
hours)
[Intercept]

4.594*

Mean Hourly Snowfall
27.59**
2.167**
Rate
Is February
Is the 11th day of month
Is 3:00
–18.97*
–2.644*
Is 4:00
–20.09*
Is 12:00
Is 13:00
3.102*
Is 16:00
3.592**
Is 18:00
24.28*
3.376*
Is 22:00
–17.53*
Is Tuesday
10.13**
1.297*
Is Wednesday
14.40**
2.002**
Is Thursday
7.14*
1.634*
Is Friday
9.23*
2.031**
Is Saturday
13.90**
2.544**
* Statistically significant at the 95 percent significance
** Statistically significant at the 99 percent significance

–2.9390*
–6.9951*

8.3519*

4.7969*

Nonetheless, the ANOVA does refute the hypothesis of the study by showing that there is
a greater number of traffic accidents per hour for stronger snow events than for weaker snow
events. Furthermore, the regression specifically reveals the opposite relationship. Damage-only
and injury-only traffic accidents tend to occur more frequently during stronger snow events than
during weaker snow events, but no relationship is discernible for fatal accidents.
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Table 17. R-squared values for tested ANOVA and regression models.

Damage-Only Accidents
Injury-Only Accidents
Fatal Accidents

Snow Event
Type ANOVA
0.5513
0.5141
0.3586

Snowfall Rate
Regression
0.3311
0.2824
0.06569

Exploratory Analyses of Accident Frequency, Traffic Volume, and Snowfall Rate

A regression model was preliminarily tested to explore accident frequency as a function
of snowfall rate and traffic volume. Because of the crude nature of the traffic volume data, this
analysis will not evaluate statistical significance; doing so would provide no additional
information because the regression will be used to describe trends for only this dataset. Instead,
regression simulates a three-dimensional line-of-best-fit with the available hourly sample traffic
volume, mean hourly snowfall rate, and hourly traffic accident frequency data.
At first glance, the traffic volume and traffic accident rate show a positive relationship,
especially for damage-only and injury-only accidents. The relationship between traffic volume
and fatal traffic accident frequency, on the other hand, seems nonlinear (Fig. 20). When
observing the relationship between the traffic volume, and snowfall rate, and traffic accident
frequency, there tends to be a higher frequency of accident occurrence during light snow and
heavy traffic. However, it is difficult to subjectively discern any relationship between the mean
hourly snowfall rate, the mean hourly traffic volume, and the hourly accident rate per event,
especially for fatal accidents because many snow events observed zero fatal accidents (Fig. 21).
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Fig. 20. Scatterplot and line-of-best-fit of the effect of mean sample traffic volume on the hourly
(a) damage-only, (b) injury-only, and (c) fatal accident frequency for each snow event. The lineof-best-fit for (c) is omitted because the relationship does not look linear.
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Fig. 21. Scatterplot of mean snowfall rate and mean traffic volume for each event during which
the maximum snow intensity occurred during the rush hours (between 0700 through 0959 and
1500 and 1759 CST). The size of the circles corresponds to the number of (a) damage-only
accidents per hour, (b) injury-only accidents per hour, and (c) fatal accidents per hour, for each
event.
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The regression formula is as follows: Damage-only accidents per hour, injury-only
accidents per hour, and fatal accidents per hour for a given snow event are each expressed as a
function of mean snowfall rate and mean traffic volume. This regression excluded other factors
such as time and date of the events. Additionally, only the events whose maximum snowfall rate
occurred during the rush hours of 0600 to 0859 and 1600 to 1759 CST are used for this
exploratory portion of the research to avoid large variance in traffic volume due to the time of
day. Again, the regression is used to depict a line-of-best-fit with the available data and will not
be used to broadly represent a relationship between accident frequency, snowfall rate, and traffic
volume.
The line-of-best-fit shows that damage-only accident frequency and mean hourly
snowfall rate exhibit a positive relationship, and damage-only accident frequency and mean
traffic volume also exhibit a positive relationship. Also, injury-only accident frequencies
increased with mean hourly snowfall rates and with mean traffic volume as well, and the
relationship between fatal accident frequency and mean snowfall rate was negative (although the
p-value for the relationship between injury-only accidents and mean snowfall rate was large).
In short, damage-only and injury-only accident frequencies show a positive relationship
with mean hourly snowfall rate and the mean sample traffic volume, meaning that both the traffic
volume and snowfall rate are potential determinants of the occurrence of traffic accidents. These
results reveal that accounting for traffic volume is necessary to illustrate more accurately
relationships of traffic accident rates with respect to adverse weather. At the same time, the pvalues for these relationships were unreliably large, meaning that the crude nature of this
exploratory regression inhibits its ability to capture the variance in the accident frequency (Table
18).
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Table 18. Estimates of the regression for damage-only, injury-only, and fatal traffic accident
frequencies as a function of mean hourly snowfall rate and mean sample traffic volume of a
snow event.

[Intercept]
Mean Hourly Snowfall Rate (cm)
Mean Sample Traffic Volume
* p-values >> 0.05

Damage-Only
Accidents
–7.190
27.37
0.0195

Injury-Only
Accidents
–1.003*
2.335*
0.0044

Fatal Accidents
8.54×10–3*
–5.14×10–3*
1.60×10–6*

CHAPTER FIVE
DISCUSSION AND CONCLUSION

The overarching goal of this research was to determine if weak snow events are a greater
threat to motorists compared to more formidable winter storms that may garner a NWS warning
and, therefore, heightened media coverage and driver response. There is anecdotal evidence that
these weak snow events may cause greater danger on the roads, at least as measured by media
reports of accidents and casualties. This may be because these advisory- or non-advisory-level
events are more numerous compared to their more intense winter storm counterparts, occur with
limited warning or notice, are downplayed by media and forecasters due to underwhelming snow
rates and totals, are more likely to occur with higher traffic volumes, or a combination of these
factors and others. To date, motor vehicle accident research has not addressed this important
research topic using robust methods on a lengthy period of record for a diverse study domain that
experiences numerous winter weather-related events during each winter season.
The issuance of winter weather-related advisories, watches, or warnings are expected to
influence traffic accident frequencies and, possibly, traffic volumes. Likewise, more intense
snowfall rates are also expected to influence traffic accident frequencies and, also, traffic volumes.
Specifically, it is expected that snow events associated with more intense snowfalls, or with winter
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weather advisories and warnings, will observe a higher frequency of traffic accidents than weaker
snow events will. These patterns are expected to be similar for snow-related traffic injuries and
fatalities.
Accident frequencies were modeled with ANOVA and regression models, identifying
whether the frequencies were a function of snowfall intensity tier or a function of snow event
type. The results showed that the mean number of accidents per hour for a given event is a
function of mean snowfall rate. Specifically, the regression revealed an increase in mean
snowfall rate of an event corresponded to an increase in damage-only accidents per hour and
injury-only accidents per hour. This relationship, however, was not evident for fatal accidents.
Finally, exploratory analyses of the relationship between accident frequency, snowfall rate, and
traffic volume suggested that the snowfall rate and traffic volume are both potential factors that
affect traffic accident frequencies, especially for damage-only accidents. Specifically, while
holding traffic volume constant, there was a positive relationship between snowfall rate and
damage-only traffic accidents, a positive relationship between snowfall rate and injury-only
traffic accidents, and a negative relationship between snowfall rate and fatal accidents. However,
these trends are only reflective of this study’s dataset, and the large p-values that result in the
regression show that it is difficult to determine relationships between traffic accidents, traffic
volume, and snowfall rate for other study domains.
Comparing the results of this research to prior efforts, the positive relationship between
snowfall rate and overall accident frequency in this research reminisces the positive relationship
between daily snowfall and daily traffic accident counts (Andreescu and Frost 1998; Eisenberg
2004). However, negative relationships between snowfall rate and injury-only accidents have
also been observed (Khattak and Knapp 2001).
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R-squared values from the ANOVA models showed that the models could only capture at
maximum only about half of all the variance in the dataset. Furthermore, the ANOVA for fatal
accidents and regression models reported even lower r-squared values. Because of the way the
dataset aggregated traffic accidents into events, it was unable to consider many of the attributes
of individual accidents, such as location of the accident, manner of collision, the types of vehicle
involved, or the specific weather or road conditions reported. Similar to the results of this
research, r-square values from the regression model by Andreescu and Frost (1998) comparing
daily snowfall to daily accident counts are below 0.5, substantiating the difficulty in capturing
how accident rates change with respect to snowfall rates. Furthermore, nonevents bin any traffic
accident that did not occur in any snow event, meaning that other weather conditions may be a
factor in some nonevent traffic accidents (e.g., fog, rain, severe cross wind).
As discussed earlier, the nature of accidents involving fatalities is more dangerous than
those involving injuries or property damage only. Therefore, factors other than snowfall rate and
the timing of the snow event may be more prevalent for fatal accidents than for damage-only or
injury-only accidents. For example, a driver may have been engaging in reckless driving
behaviors, such as speeding or not wearing a seat belt, or the driver may have been driving under
the influence of drugs or alcohol. In other words, the influence that these external factors have on
fatal accidents may be stronger than they have on damage-only accidents or injury-only
accidents, which may be one of the reasons why the r-squared value is lower for the regression
model testing fatal accident frequency compared to the regression models testing damage-only
and injury-only accident frequencies.
Another reason for low r-squared values in the regression may be that the relationship
between accident frequency and the snowfall rate may not be linear. This is also suggested,
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particularly with fatal accident rates, when the accident rates rise and fall alternately as the
snowfall rate tier increases or as the type of snow event intensifies. Perhaps hypotheticals like the
following can explain a nonlinear pattern: with tier 1 snowfall rates, drivers may not be aware of
the snow hazard, resulting in more injury-only accidents per hour than during non-snow events,
but tier 2 snowfall rates are strong enough that more drivers are cautious of their driving,
resulting in fewer injury-only accidents per hour; however, any higher snowfall rates would
increase accident frequencies simply because the cautious driving is not enough to offset the
increased risk of accidents that the snow hazard itself brings (Doherty et al. 1993). A nonlinear
relationship may also explain why r-squared values for linear regression were much lower than
the r-squared values for ANOVA.
With such difficulty of capturing the variance in accident frequency, particularly for fatal
accidents, one may ask, what are some ways in which the relationship between snowfall rate and
accident frequencies can be explained better? To start, a nonlinear regression may be employed
to observe if the relationship can be better explained. Additionally, it is possible to focus only on
specific types of accidents to determine through ANOVA or regression whether, for instance,
heavier snow events tend to observe traffic accidents at cultivated cropland areas more than
lighter snow events do, or whether heavier snow events tend to observe CMV-related accidents
more than lighter snow events do. This would permit for the accidents to be constrained to
certain locations, certain types of accidents, or certain types of vehicles involved, holding more
variables constant while addressing the relationship between snowfall rate and accident
frequency. These constrains may help to remove other variables that affect the number of injuries
or fatalities that occur in an accident. Finally, a logistic regression with individual accidents—
whether they were injurious or fatal—may uncover more patterns of traffic accidents related to
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factors other than traffic volume or snowfall rates. Logistic regression has been performed for
accident rates in the past (Khattak and Knapp 2001; Eisenberg 2004; Zhou et al. 2016),
identifying how weather affects the likelihood that an accident was injurious or fatal.
While the ANOVA and regression models described the relationship between accident
frequencies and mean snowfall rate, it employed a dataset that diluted the variance of accident
frequencies during the process of its creation. However, aggregating the accidents into snow
events to calculate accidents per hour for every snow event illustrates the accident frequency
while also accounting for the number of each snow event that occurred and the duration thereof.
Even though logistic regressions of a Boolean “is injurious” or “is fatal” may have presented
better-fitting regression models for individual accidents based on intrinsic attributes thereof, this
would not result in calculations of accident rates, but rather of probabilities. Finally, exploring
nearest-neighbor or fuzzy mode of clustering accidents in similar locations may help to identify
trends for snow-related accidents in high accident-frequency locations (CrimeStat 2004).
Higher resolution traffic volume data are needed to produce more accurate results. In
other words, the relationship between traffic accidents, traffic volume, and snowfall rate for the
study domain remains unclear given the sparsity of the traffic volume data. The Chicago
Metropolitan Planning Agency (CMAP) offers five-minute resolution traffic data, but only for
the tollway network in Illinois. This dataset may be useful to identify accident trends only along
tollway routes.
As the number of drivers and miles driven in the United States increases (FHWA 2014;
FHWA 2017b), travelers may become increasingly vulnerable to traffic accidents, injuries, and
fatalities despite advances in vehicle safety and traffic accident mitigation systems. As discussed,
an important cause of motor vehicle accidents is the sensible weather. This research addresses a
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commonplace weather hazard that many regions of the United States experience during the cool
season to determine how that hazard’s intensity affects traffic volume and accident rates.
Ultimately, the results of this research are expected to improve our understanding of how traffic
accident risks change with respect to snow intensity and traffic volume. The methods in this
research quantifying traffic accidents with respect to hourly snow data and hourly traffic volume
is rare, if not new, and can be used, studied, and improved for future adverse-weather-related traffic
accident studies. Such studies of accident frequencies normalized per weather event, and possibly
also normalized by traffic volume in the future, can provide urban planners, public administrators,
law enforcement, and the insurance industry insights on how weather changes when traffic
accidents occur.
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